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Abstract: Detection of electric faults in photovoltaic (PV) farms enhances a sus-
tainable service continuity of farm energy generation. In this paper, a probabilistic
function is introduced to detect the faults in the PV farms. The conditional prob-
ability functions are adopted to detect different fault conditions such as internal
string faults, string-to-string faults, and string-to-negative terminal faults. As the
diodes are important to make the PV farms in-service safely during the faults,
the distribution currents of these faults are evaluated with different concepts of
diode consideration as well as without considering any diode installation. This
part of the study enhances the diode utilization in the PV farms concerning the
protection point of view. The PV string currents are used as inputs to the condi-
tional probability detection algorithms. However, the setting of the fault detection
technique is not portable for the other PV systems due to broad ranges of PV sys-
tem ratings. To accordingly generalize the proposed fault detection algorithm, the
PV string currents are first normalized to the total array current for universally
applying the detection function at different PV string ratings. The limiting fault
resistances are evaluated to show the sensitivity of the proposed fault detector.
The results ensure the application of the proposed probabilistic detection function
for PV farms.
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1 Introduction

Thus, in recent decades, renewable power resources are rapidly implemented worldwide due to their
small impacts on environments and climates [1,2]. Renewable power resources include photovoltaic (PV)
power, wind power, geothermal power, biomass power, small hydro, and fuel cell power [3]. The
renewable power resources are rapidly increased; for example, in India, the total renewable power
generation increases from 15.238 GW in 2009–2010 to 73. 352 in 2018–2019 [4]. In 2009–2010, wind
energies were utilized to generate the most renewable power, while in 2018–2019, the PV power
generation is slightly close to that generated from wind power generation. In [5], the growing adoption
and importance of implementing PV systems as a source of electrical energy are presented. The PV
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system fault prediction and identification are implemented to maintain the normal operation of PV
systems [6].

Fault detection and classification of their types in PV systems are implemented based on two
approaches. The first approach is implemented based on artificial intelligent techniques [7–16], while the
second approach is build based on the PV system waveform shape [17–23]. The model introduced in [7]
is built to detect and classify PV system faults based on a random forest ensemble machine-learning
approach (RF). It detects and classifies line-to-line, open circuits, shading, and degradation faults. The RF
model input is the array voltage and string currents, while its output is the PV system fault types. Large
dataset samples for the RF model training process, ignoring blocking diode effect and ignoring some PV
fault types such as string-to-string and pole-to-pole faults represent this work's main drawbacks. The
model presented in [8] is built to detect and classify only short circuit PV system faults based on a fuzzy
logic interface. It detects and classifies only line-to-line and line-to-ground faults. The fuzzy logic model
input is the array voltage, current, and irradiance level, while its output is the PV short circuit fault types.
Ignoring the blocking diode effect and ignoring some PV fault types such as string-to-string, open circuit,
and shading faults are the main shortage in the suggested fault detection model. In [9], the grey-wolf
optimizer technique (GWO) is applied to detect and classify PV system fault types. Predicting its
accuracy is compared with other optimization techniques with the effectiveness of GWO. Only short-
circuit and open-circuit faults are presented in this work, but irradiance variations and fault types such as
shading and pole-to-pole faults are not considered. The model presented in [10] is built based on the
kernel generalized likelihood ratio test (KGLRT) to predict faults in PV systems. The faults detected by
the suggested model are bypass, mismatch, and mix and shading failures. The cell-to-cell, string-to-string,
pole-to-pole, open circuit faults, and irradiance are not considered in this work; as well as the complexity
of the mathematical model represents the main drawbacks of this work. A machine learning framework
model for PV model monitoring conditions is presented in [11]. It only monitors the PV system for
uniform and partial shading, increasing string series resistor up 100%, snow effect on the PV system,
cloudy sky effect. In [12], the PV fault detection and classification model is built based on two-
dimensional convolutional neural networks. Line-to-line, open-circuits, partial shading, series arc faults
are only detected by the suggested model. This work does not consider string-to-string and uniform
shadow faults. The model presented in [13] is built based on the graph-bass semi-superposed learning
technique. The main drawbacks of this work are that it required large numbers of training dataset
samples, and some faults are not considered, such as pole-to-pole, string-to-string, and shadow faults.
A reduced kernel principal component based on the random forest model is presented in [14] to predict
and classify PV system faults. It classifies between open-circuits, short-circuits, output current sensor,
islanding, and shading faults. Model complexity, string-to-string, pole-to-pole, and cell-to-cell faults are
the main drawbacks of this model. In [15], an AI technique is presented to detect and classify the PV
system faults based on neural pattern recognitions (NPR), and ensemble bagged trees (EN) with
superiority of the NPR compared to the EN method. Two diodes are added to each string, one at the
upper and the other at the lower terminal of each string. Pole-to-pole, open-circuit, and shading faults are
not considered in this study. In [16], a PV detection and classification model is presented based on the
fuzzy logic (FL) approach. It is only used for the prediction of the array, hot spots, and shading faults.
It is not considered an open circuit and pole-to-pole faults.

In [17], a fault detection model is built based on the current and voltage indicators and the power losses
due to fault conditions. The model considered only the partial shading faults and the inverter mall operation.
The model is not considered pole-to-pole, open-circuits, and uniform shading faults. A parallel fault
prediction method for grid-connected PV energy systems based on t-test statistical analysis is presented in
[18]. The predicting algorithm is divided into two steps. The first is used for fault detection on the DC
side, while the second is used for the fault on the AC side. Pole-to-pole, open circuits, and string-to-string
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faults are not considered in this study. In [19], the PV model for predicting and identifying DC side faults is
built based on the PV array normalized super-imposed power component. It identifies between short-circuit
and partial shading faults. The classifying between different short-circuit fault types are not considered.
In [20], the PV detecting model is built based on the difference between the maximum power tracking
point for the real and simulated PV arrays (output voltage, current, and power) has been suggested.
It distinguishes between string and shading faults. It does not separate between low and high fault status,
and some faults do not consider, such as the string-to-string and pole-to-pole faults. The model presented
in [21] suggested a PV fault predicting model to predict the cell-to-cell and cell-to-ground faults
considering normal and low irradiance and partial shading durations based on the maximum power point
tracking (MPPT). The proposed model determines the system operating states (normal or faulty states)
without distinguishing fault types. Some fault types are not considered in this work, such as Open-circuit,
string-to-string, and pole-to-pole faults. The PV predicting model presented in [22] is built based on
statistical analysis. The actual string powers are compared with the mean simulated string powers to
determine the PV string fault nature. String-to-string, open-circuits, and pole-to-pole faults are not
considered in this study. A PV fault detection based on string voltage and current trajectories is presented
in [23]. Only one diode is suggested at the upper terminal of each string. The suggested model detects
cell-to-cell, string-to-string, pole-to-pole, and shadow faults. It distinguishes between low and high states
of different PV array faults. The open-circuit and hot spot faults are not considered in this work.

In this work, the conditional probability function is implemented to distinguish between different PV
array faults. These faults are such as internal string faults, string-to-string faults, and string-to-negative
terminal faults. The fault detections are accomplished for different diodes considerations in the PV farms
such as without considering any diodes and with different concepts of diode installations. The inputs to
the conditional probability algorithms are normalized currents of the PV strings. The current
normalization enhances the utilization of the proposed detection algorithm, widely. The results ensure the
application of the proposed probabilistic detection function for PV farms. The paper structure is as
follows. First, the effect of considering the diodes on the fault current distribution is evaluated and
ascertained utilizing a simulated PV energy system. Then, the proposed fault detection algorithm is
presented. The performance evaluation is done concerning the array diodes and fault resistance limitation
to show the effectiveness of the proposed algorithm for fault detection in PV farms. Finally, the work
conclusion is summarized.

2 Diodes Effect on Fault Current Distribution

2.1 System Description

In Fig. 1a, a built-in example in Matlab Simulink of a 400 kW PV farm is shown, where it consists of
four arrays. It is available and entitled “power\_4PVarray\_400 kW”. This example is used to collect
measurements of fault cases in one of the PV arrays where this faulted PV array is more constructed, as
shown in Fig. 1b. As shown in Fig. 1a, the energy management from the PV farm into the 25 kV power
grid is accomplished using a control concept through two stages. First, the DC/DC converter is utilized to
attain the continuous maximum power point tracking based on the well-known Perturb and Observe
algorithm. Then, a voltage source converter (VSC) interconnects the renewable generation system to the
three-phase AC power grid. This power grid includes the essential power transformer to step up to 25 kV
level voltages. As shown in Fig. 1a, there are four PV arrays, where each one rating is 100 kW. Each
array contains 64 parallel strings, and each string includes 5 series PV modules. This is easily adjusted
using the facilities of the PV representation in the Simulink domain. The fourth array is rearranged to
show at least two strings to implement the fault cases as shown in Fig. 1b.
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Figure 1: Simulated 400 kW PV farm. (a) Built-in practical example of PV farm in Matlab/Simulink.
(b) Faulted PV array
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2.2 Diodes Consideration Effect for Internal String Faults

Considering irradiation of 1000 and 250 W/m2, Figs. 2 and 3 respectively show the PV current
distribution during internal string faults where different diode interactions in the PV array are considered.
Fig. 2a illustrates the currents when there is no diode insertion in the PV array. Accordingly, the faulted
string current is reversed from +5.8 A to −392.8 A, where all healthy PV strings (63 strings) and the
array converter inject current into the faulted string. However, considering diodes at the PV array (in
between PV array and DC/DC converter) slightly improves the performance, where the faulted string
current becomes −246.6 A. However, such fault currents provide hazards to the PV system. When the
diodes are installed in series with the strings, the corresponding fault current distribution is shown in
Fig. 2c. Safely, the PV array provides the generated power from the healthy PV strings. However, the
faulted string is isolated by the reverse action of the diodes, as concluded from Fig. 2c.

Fig. 3 ensures diodes’ effect on the fault current distribution in the PV array, however at irradiation
250 W/m2. In Fig. 3a, both the healthy strings and DC/DC converter inject high currents into the faulted
string, and still, the faulted string carries a high current of −341.2 A. When the array diodes are installed,
the total array current becomes zero due to the reverse status of the diode, and the fault current becomes
−95.77 A that is only injected from the healthy PV strings as depicted in Fig. 3b. There is no power
provided from the PV array during this fault case, although the other 63 healthy strings are available. In
the third case of diode considerations shown in Fig. 3c, only the faulted string is isolated from the
service. However, the healthy strings are in-service and unaffected by the fault event. Accordingly, the
total current of the array is slightly reduced from 92.37 to 90.96 A.

(a) (b)

(c)

Figure 2: PV current distribution due to internal string fault at irradiation 1000 W/m2. (a) Without diode
consideration. (b) Diodes at the PV arrays. (c) Diodes at the PV strings
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2.3 Diodes Consideration Effect for String-to-String Faults

Fig. 4 shows the distributed currents during string-to-string fault with different considerations of the
diode installation. Considering the fault case between string 1 and string 2, the currents of the positive-
terminal of string 1 and negative-terminal of string 2 are changed from 5.8 A to −155.3 A, as shown in
Fig. 4, where the diodes are not considered in the PV array. This fault case reduces the array current from
370.2 A to 211.7 A, however, the array current is not reversed. The same performance is attained in
Fig. 4b, which is for diodes consideration at the array terminals. However, the performance is changed
for the string diodes consideration as depicted in Fig. 4c, where the diodes prevent the reverse currents in
the faulted strings, and therefore, the array current is slightly reduced by 5.8 A. The currents of the
positive terminal of string 1 and the negative terminal of string 2 strictly changed to zero during the fault
period as depicted in the zoomed Fig. 4c.

Based on the above discussion, the diode consideration is essential for safely service operation of the PV
array during the internal string faults and string-to-string faults. Accordingly, fault detection is introduced
concerning these two cases of diodes considerations that are diodes at the array terminals and diodes at
the string terminals.

3 Proposed Fault Detection Algorithm

The conditional probability application as a selectivity function for estimating the faulted feeder in the
distribution networks was reported in [24]. Also, the conditional probability was successfully utilized for
condition assessment of the power transformer using dissolved gas analyses as addressed in [25]. In the
current study, the algorithm is adopted to detect the faulted string in the PV array.

Fig. 5 shows the proposed fault detection technique that is designed depending on the conditional
probability and based on the fault results shown in Figs. 2–4. The first step is that the PV string currents
(i1, i2, …, in, …, iN, where N is the total string number per array) and the array current (ia, which is the

(a) (b)

(c)

Figure 3: PV current distribution due to internal string fault at irradiation 250 W/m2. (a) Without diode
consideration. (b) Diodes at the PV arrays. (c) Diodes at the PV strings
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total summation string currents during normal operation) is measured and used as inputs to the proposed fault
detection algorithm. Then, each string current is normalized with respect to the total array current by;

In ¼ N
in

ia þ B
(1)

where, B is a bias used to stabilize the normalized value when the total array current ia is close to zero. The
ratio current of the string current to the array current is multiplied by N to make the value of the normalized
string current close to one during the normal operation. Accordingly, the mean value of the string normalized
current during its health operation (μh) is adjusted equal to 1. However, the string normalized current mean
value when it is faulted (μf) depends on the diode places. For the string diodes consideration, this normalized
current mean value during the fault μf is zero where the diodes prevent the reverse currents in the string. For
the array diodes consideration, the mean value μf is −1 where the reverse current condition less than −1 is
adjusted equal to −1 as depicted in the flowchart in Fig. 5. Regarding the standard deviations, either
healthy or faulty condition (σh or σf, respectively) is considered 0.20. This value of the standard deviation
is estimated as the mean values of the healthy and steady state are close, where they are 1 and −1,
respectively. However, higher values of standard deviation unfortunately produce error in the fault
detection where the probability of the fault detection may be reduced than unity, which is 100% detection
probability.

(a) (b)

(c)

Figure 4: PV current distribution due to string-to-string fault at irradiation 1000 W/m2. (a) Without diode
consideration. (b) Diodes at the PV arrays. (c) Diodes at the PV strings
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As shown in the flowchart in Fig. 5, the Gaussian point probability value is computed for the normalized
current concerning the two settings that are healthy and faulty conditions as;

ff ðInÞ ¼ 1

rf
ffiffiffiffiffiffi
2p

p e

�ðIn�lf Þ2

2r2
f ; fhðInÞ ¼ 1

rh
ffiffiffiffiffiffi
2p

p e
�ðIn�lhÞ2

2r2
h (2)

Finally, the conditional probability is applied as;

PnðString n is faultedjI1; . . . In; . . . IN Þ ¼
ff ðInÞ
fhðInÞ

PN
j¼1

ff ðIjÞ
fhðIjÞ

(3)

Based on the evaluation of the above equation, the faulted string is detected if there is a fault in the PV
array.

4 Performance Evaluation Concerning Array Diodes

Due to different fault conditions possibility, the proposed probabilistic detector presented in Fig. 5 is
separately processed for the positive and negative terminal measurements of the strings and array
currents. This is because the positive terminal current can be different than the negative terminal current
of the same PV string as the test case shown in Fig. 4 during the string-to-string fault.

Fig. 6 shows the performance of the proposed probabilistic detector during different fault conditions at
irradiation 1000 W/m2. The fault instant is at 0.25 s. The same performance shown in Fig. 6 is attained by

Figure 5: Proposed fault detection algorithm
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either the string or array diode considerations. Fig. 6a shows the proposed probabilistic detector performance
for internal string fault, successfully detecting the faulted string. For this fault case, the performance using
positive and negative measurements is the same as the series connection status in the faulted string during the
internal string faults. For the string-to-string fault shown in Fig. 6b, the fault is detected for the positive
terminal string No. 1 and negative terminal string No. 2 because the fault affected the currents of these
two terminals, as depicted in Fig. 4. For the fault case of string-to-negative array terminal, the fault case
affected the positive terminal measurement of the faulted string 1, and then its flag detected the fault as
depicted in Fig. 6c. Similarly, the negative terminal measured current is affected by the fault of the string-
to-positive array terminal, and therefore the flag of the negative terminal of string 1 detected this fault
case as shown in Fig. 6d. Generally, faults between the string and positive/negative array terminal initiate
only one detector of the faulted string. However, it could not estimate if the fault is with negative or
positive array terminal because it depends on the fault point place in the faulted string.

5 Limiting Fault Resistance

The limiting fault resistance values show the shortage of the proposed fault detector to detect and
estimate the faulted string. The limiting resistance represents the sensitivity of the proposed fault detector.
The limiting fault resistance value is estimated when the probabilistic detector attains a value between
0.85 and 0.90 (85% to 90% detection probability) as shown in Fig. 7a for an internal string fault case and
Fig. 7b for a string-to-string fault case. The higher fault resistance reduces the probabilistic detector
value. They mainly depend on the fault size and the atmospheric condition.

Refer to the simulated PV system and especially the PV array arrangement is shown in Fig. 1b, each
string includes five PV series modules. The internal string faults reported in Tab. 1 have represented a
resistance connection between these modules’ interconnections. For example, the 20% internal string fault
is a fault resistance in parallel with a single PV module, and the 40% internal string fault is a fault
resistance in parallel with two PV modules, and so on. These percentages are described in Tab. 1 as the

(a) (b)

(c) (d)

Figure 6: Performance of the proposed fault detector. (a) Internal sting fault. (b) String-to-string fault.
(c) Fault between the string and the array negative terminal. (d) Fault between the string and the array
positive terminal
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fault size. The fault size is considered by the difference over the fault resistance between the two faulted
strings for the string-to-string fault. For example, if the fault between the first module of string 1 to
the second module of string 2, the fault size is 20%. If the fault between the first module of string 1 to
the third module of string 2, the fault size is 40%, and so on. Considering such different fault sizes, the
performance of the proposed fault detection technique is evaluated. This evaluation is accomplished by
increasing the fault resistances up to estimating the fault resistance value when the detector performance
is between 0.85 and 0.90 (85% to 90% detection probability). This fault resistance is the value that limits
the detector performance.

From the results reported in Tab. 1, the limiting fault resistance is increased for higher fault size, where
the voltage providing the fault currents is increased. The proportionality is not linear because the PV
characteristics (Current-Voltage characteristics) are not linear. However, lower sun irradiations increase
the limiting fault resistance, where the irradiations affect the PV current more than the effect of the
voltage. Therefore, reduction in the sun irradiations deduces the string currents and then the array current.

6 Conclusion

A probabilistic fault detector was presented for the PV power array. It was designed for different diodes
considerations. The settings of the proposed detector were simply designed considering the normalizations
process of the measured distributed currents in the PV array. As the proposed algorithm is probabilistic, the
setting included the mean of the health and string condition was 1. However, the mean of fault string
condition was 0 or −1 for considering string diodes or array diodes, respectively. Generally, the standard
deviations were considered 0.20. The proposed fault detector's performance evaluation successfully
determined and estimated the faulted string during different fault conditions such as faults of internal
string, string-to-array negative terminal, string-to-array positive terminal, and string-to-string. Then, the
limiting fault resistances were evaluated for these fault types and concerning the irradiation effect. For

(a) (b)

Figure 7: Test cases concerning the limiting fault resistance of the proposed fault detector. (a) Internal string
fault case. (b) String-to-string fault case

Table 1: Limiting fault resistance

Irradiations Fault size

20% 40% 60% 80%

1000 W/m2 20 Ω 54 Ω 96 Ω 140 Ω

600 W/m2 35 Ω 90 Ω 160 Ω 235 Ω
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small fault sizes such as 20% of the string as an example, the limiting fault resistances were 20 and 35 Ω at
irradiations 1000 and 600 W/m2, respectively. However, higher fault size attained high limiting fault
resistances. The results ensured the efficacy of the proposed fault detector for PV arrays.
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